This paper applies Lazear's skill-weights approach (2009) to analyze the specificity of skill combinations of various occupations and its effects on occupational mobility and wages. The results show that the more specific an occupation, the smaller the probability of an occupational change. We also identify clusters of occupations characterized by similar skill combinations and find that employees in specific occupations have a comparatively higher probability of changing occupations within a skill cluster than between skill clusters. Moreover, occupational mobility within a skill cluster results in wage gains, while between clusters it results in wage losses. Therefore, the acquired skill combination and the resulting skill cluster, rather than the occupation per se, crucially determines mobility. Thus, for educational policies, it is more important to study whether a skill cluster is sustainable than an occupation.
Introduction
Mobility and flexibility are increasingly demanded as structural change challenges established educational systems and traditional occupational demarcations. Due to continuous technological innovation, skill requirements not only increase rapidly but also change frequently (Autor et al., 2003; Autor & Dorn, 2009 ). Educational systems must therefore provide graduates with both qualifications tailored to actual market needs and skills that are quickly adaptable to changing conditions and skill requirements (Winkelmann, 2006; Hotz-Hart, 2008; Spitz-Oener, 2008) .
Although this structural change challenges all established educational systems, in particular, vocational education and training (VET) is often criticized as too inert and inflexible (Heckman, 1994; Carnoy, 2004; Krueger & Kumar, 2004) . In contrast to academic education, which is considered broad and general, VET is perceived as too focused on narrow skill requirements within one particular occupation.
In contrast, we argue that to appropriately evaluate different types of education, one must first and foremost analyze how the level of flexibility of vocational education can be measured and how the degree of this flexibility within vocational education is determined. In this paper, we argue that neither comparisons of academic education with vocational education nor the number of apprenticeship training occupations, the two common criteria to judge on flexibility, are relevant, but that we must rather consider the specificity of the acquired skill combination. We show that the skill combination, and not the occupation per se, crucially determines occupational mobility and the wage consequences of an employee.
Previous research on occupational mobility, however, focuses on occupational codes and occupations per se 1 but does not engage in a detailed skill analysis. 2 This omission is partly due to a lack of detailed skill data and partly to a lack of an analytical model that could guide a detailed empirical analysis of skills. Therefore, empirical research on skill-based mobility is still at an early stage. Nevertheless, in our paper, we are able to overcome both of these problems. On the one hand, we are able to work with a rich dataset that contains very detailed information on acquired and required skills as well as on educational and occupational careers. On the other hand, we build on Lazear's skill-weights approach (2009), which is ideal for studying occupational specificity at the level of single skills as well as the resulting bundles of these skills.
In applying a new, skill-oriented point of view, we are able to analyze occupational specificity and study the effects of acquired occupation-specific skill combinations on occupational mobility and income. We focus on the labor market segment in which an occupation with its skill bundle is embedded rather than on broad classification codes because occupations with similar skill combinations can be clustered into labor market segments (subsequently also referred to as skill clusters). This means that more relevant and more important than the occupation per se is the skill combination acquired and required in that occupation. Mobility has to be evaluated with respect to the entire labor market segment that is relevant for a skill combination and not only to the single occupation.
1 Occupational experience, which represents occupation-specific human capital, increases earnings (Kambourov & Manovskii, 2009 ) and thus reduces occupational mobility (Shaw, 1987; Borghans & Golsteyn, 2007; Kambourov & Manovskii, 2008; Geel et al., 2009 ). However, employees also attempt to realize better income possibilities or career chances through occupational changes (Goeggel & Zwick, 2009; Fitzenberger & Spitz, 2004; Clark & Fahr, 2001) . Another strand of literature deals with job polarization (Autor et al., 2006; Dustman et al., 2009; Goos & Manning, 2007) ; in contrast to these studies, we do not evaluate the skills in terms of being routine or non-routine, manual or cognitive, but we analyze mobility patterns based on particular skill combinations in occupations. 2 One exception is a recent paper by Poletaev and Robinson (2008) that analyzes mobility based on the skill portfolios of jobs and finds that wage losses are more closely associated with switching skill portfolios than switching occupation codes per se.
Taken together, our study is innovative in at least three ways. First, we analyze occupational mobility at the level of single skills required in occupations as well as the resulting combinations of these skills. Second, we use Lazear's skill-weights approach (2009) as a theoretical framework that provides us with a new empirical approach to operationalize occupational specificity as well as to examine occupational mobility and that allows for a micro-founded analysis of specific and general human capital. Third, we determine occupational skill clusters containing occupations with similar skill combinations. We analyze the effects of the specificity of skill combinations on occupational mobility within and between these skill clusters and the impact of such occupational changes on income.
Theoretical framework: The skill-weights approach (Lazear 2009)
According to Lazear's model, all skills are general, but firms use them with different weights. Specificity, therefore, occurs because the required combination of skills varies from firm to firm. In the basic skill-weights model, there are only two skills and two periods. A worker invests in either skill in the first period at cost C (A, B) and receives a payoff in the second period according to the following earnings function:
λ i is the relative weight of skill A in firm i. Since λ i may be different from the relative weight of skill A in any other firm j, the worker must determine the extent to which he wants to acquire skills A and B. If the employee is certain that he will remain at the initial firm indefinitely, then he will focus on λ i and invest in the respective incomemaximizing skill bundle. However, if the employee cannot be certain that he will stay at the initial firm, he must consider looking for a new job in another firm. In case of a change, other firms may demand a different weighting of skills, rendering part of the employee's investment worthless and leading to a wage loss. The outside market determines how much his investment will depreciate depending on the difference between the weight of the initial firm and the expected market weight, λ i -_ λ . Thus, skill combinations can be rather general compared to the outside market (if the difference λ i -_ λ is small, as is the expected wage loss) or rather specific (if the difference λ i -_ λ is large, as is the expected wage loss). Thus, starting in an occupation with a specific bundle of skills strongly determines mobility and income for the rest of a worker's career.
Application to apprenticeship training
The advantage of using the skill-weights approach in our analysis is the theoretical foundation that allows us to study occupational specificity at the level of single skills and the resulting skill combinations. Thus, we use Lazear's basic idea and apply it to apprenticeship training in which the combination of acquired skills is given by the occupation of a graduate. 3 We therefore use occupation-specific rather than firmspecific skill-weights. Because the expected lifetime net earnings are not only dependent on the skill-weights of the training occupation but also on the skill-weights outside in the total labor market, the individual investment problem involves choosing a training occupation and investing accordingly in its skills. Intuitively, employees in occupations with very specific skill combinations are faced with higher losses if they change their occupation because they will no longer be able to make use of all their skills. 4 Furthermore, we consider different labor market segments. While Lazear's model regards the outside market as a whole as a relevant factor in occupational changes, we argue that in line with labor market segmentation theory (Doeringer & Piore, 1971 , for an overview see Leontardi, 1998) and occupational labor market theory (Marsden, 1986; Eyraud et al., 1990) , the labor market is composed of a variety of segments, which may not all be equally relevant in the case of an occupational change. We expect the labor market to be segmented into different skill clusters. These skill clusters contain occupations with similar skill combinations within clusters but different skill combinations across clusters. Intuitively, even after an occupational change, an investment in a skill combination can still be valuable and productively used if the former and the new occupations are classified into the same skill cluster and require very similar skill combinations. The skill cluster with its average skill-weight _ λ k , thus represents the segment of the labor market that is relevant for potential occupational changes without a major loss in human capital investments. Therefore, the difference between the skill-weights of an individual occupation in comparison to the skill-weights of the respective skill segment λ i -_ λ k defines the cluster specificity of an occupation.
Testable implications
To test these implications, we differentiate two types of occupational specificity, namely, «total specificity», which compares the skill-weights of an occupation with the skill-weights across the total labor market, and «cluster specificity», which compares the skill-weights of an occupation with the skill-weights of the respective skill cluster. Furthermore, we define three types of occupational mobility: first, occupational mobility in total; second, occupational mobility within a skill cluster; and third, occupational mobility between skill clusters.
According to Lazear, mobility is more likely if the skill-weights in one's actual employment are very similar to the skill-weights on the external labor market. Thus, regarding particular skill combinations, we expect the following patterns to occur:
Probability of occupational mobility -H1: The more specific the skill combinations of occupations as compared to the total labor market, the smaller the likelihood that workers will change occupations after completion of apprenticeship training. -H2: The more specific the skill combinations of occupations as compared to the total labor market, the greater the likelihood that workers who change occupations will change within a skill cluster rather than between skill clusters. -H3: The more specific the skill combinations of occupations as compared to its respective skill cluster, the smaller the likelihood that workers will change occupations even within this skill cluster.
Furthermore, wage losses and wage gains may occur after occupational changes. If workers change occupations towards an occupation with a very similar skill combination, they lose little in terms of initial human capital investment and can use formerly acquired skills as productively as before. They may even gain by switching, for example, into an occupation with labor shortages and accordingly higher wages. Thus, for individuals who are mobile within clusters, wages may either remain constant or even increase. However, for changes between clusters, the skill combination will be very different from the original occupation. Thus, cluster changers lose severely in terms of their initial human capital investment because their skills may no longer be used as productively as before. The resulting loss may not be offset by wage gains due to a higher demand for the new occupation. This leads us to the following hypotheses:
Income effects of occupational mobility -H4: a) Occupational changes between skill clusters cause wage losses.
b) The size of the respective wage loss is expected to be the larger the more specific the skill combination of the occupation is as compared to the total labor market. -H5: a) Occupational changes within skill clusters cause wage gains.
b) The size of the respective wage gain is expected to be the smaller the more specific the skill combination of the training occupation is within its relevant skill cluster.
Estimation methods

Probability of occupational mobility
First, we study the impact of occupational specificity on the occupational mobility of employees. We differentiate not only so-called occupational stayers from occupational changers, but also occupational changers within from changers between skill clusters. We use the following probit model framework (Wooldridge, 2009: 575-578) :
The latent index y * oc models the underlying process of a worker's decision to change occupation. In the case of occupational mobility, y oc takes the value one, and zero otherwise. Z contains the main explanatory variable for specificity; therefore, β 1 is the influence of the specificity degree. X contains the control variables, while ε indicates the error term.
Income effects of occupational mobility
Second, we test the wage effects of occupational specificity and mobility on income by estimating a log-linear ordinary least square regression. The basic equation can be written as an extended Mincer (1974) earnings equation:
where ln y is log hourly earnings. M contains the dummies for the two different types of occupational change (i.e. either within or between skill clusters); therefore, β 1 is the influence of an occupational change on earnings. Z contains the main explanatory variable for specificity; therefore, β 2 is the influence of the specificity degree on earnings. Z * M is an interaction term 5 that we include to analyze the combined effect of specificity and mobility, β 3 . X contains the control variables while ε represents an unobservable error.
Data and variable construction
Our empirical estimation is based on the BIBB/BAuA Employment Survey 2005/06, 6 a representative cross-sectional sample of the working population in Germany. The dataset contains retrospective information on individual educational and occupational careers and -most importantly -the required skills at the workplace in detail, a crucial and unique feature of this dataset.
In our study, we focus on skilled workers with apprenticeship training and restrict our analysis to individuals between 18 and 65 years of age. Furthermore, we exclude all civil servants and all self-employed people. After eliminating observations with missing data, a sample of 4,217 male employees in 71 different occupations is included in the analysis.
7 Table 1 reports the means and standard deviations of the variables used in our empirical analysis. 
Dependent variables: Occupational mobility and income
We use three different variables to measure occupational mobility, comparing the current occupations of workers at the time of the survey with their apprenticeship training occupations. First, we generate a variable representing an occupational change during an individual's working life, which stands for total occupational mobility. If workers no longer work in their original occupation, we consider this an occupational change, and the dependent variable takes the value of 1; 0 otherwise. Overall, about 58% of employees in our sample changed their occupation, while about 42% did not. Second, we generate a mobility variable covering only occupational changes occurring within a skill cluster (i.e. the labor market segment containing occupations with similar skill combinations), which represents mobility to an occupation with similar skill-weights. If an individual changed occupation and remained in the same skill cluster, the dummy variable takes the value 1; 0 otherwise.
Third, we generate a mobility variable covering only occupational changes occurring between skill clusters, representing mobility into an occupation with relatively different skill-weights. If the individual changed the occupation and the skill cluster, the dummy variable takes the value 1; 0 otherwise. Furthermore, the survey contains self-reported information on current monthly earnings and the average hours of work per week at the time of the survey; we were thus able to calculate individual hourly wages. 8 In our estimates, the logarithm of wages is used as the dependent variable.
Required skills and occupation-specific skill portfolios
Based on the large set of questions about a worker's required skills, we are able to generate skill portfolios. The respondents were asked to report on skills that are required to perform their current job. If the respective skill is required at the workplace, the dummy variable takes the value of 1; 0 otherwise. The left panel of Figure  1 , for example, shows the skill portfolio of an individual office clerk. To determine the skill portfolio in an occupation, we aggregate the individual skill portfolios 9 of a particular occupation, leading to a weighted occupation-specific skill portfolio (see Figure 1, right panel) . The occupational skill portfolio shows the relative frequency of the different skills required in that occupation. We build such occupational skill portfolios for all occupations in the sample. Thereby, we know the relative frequency of all skills in all occupations and are able to compare the different skill combinations.
Skill clusters
To determine how similar or dissimilar the skill combinations of different occupations are, we perform a cluster analysis including all occupations represented in the sample. Such a cluster analysis maximizes the homogeneity of skill combinations within clusters and maximizes heterogeneity between clusters; therefore, it is an ideal statistical method to identify the similarity or dissimilarity of occupational skill clusters (Mardia et al., 1979; Aldenderfer & Blashfield, 1984; Bortz, 1989) . We perform a cluster analysis using the 71 occupations as the units of analysis and the thirteen skills as the variables to define the clusters. We apply a two-stage procedure because research has shown that this approach increases the validity of solutions (Punj & Stewart, 1983; Ketchen & Shook, 1996) . We first use a hierarchical algorithm, i.e. Ward's (1963) minimum variance method, to define the number of clusters. This result serves as the starting point for the second stage of subsequent nonhierarchical clustering, i.e. the K-means procedure (Bortz, 1989) .
As a result, we find six distinct skill clusters, 10 each of which contains occupations with similar skill combinations. To summarize the characteristics of these clusters, Table 2 presents the relative importance of the single skills per skill cluster. For example, the most important skills in skill cluster 5, which contains the office clerk, are German orthography, computer and commercial skills. Thus, these cluster-specific skill combinations represent the average skill-weights of a labor market segment. (Wagschal, 1999; Ketchen & Shook, 1996) and use of Mardia et al.'s (1979: 365) rule of thumb, g~(n/2) 1/2 for the number of groups) and refine the clusters in the following second stage. Note that our research follows Osberg et al. (1987) , who applied six labor market segments and is along the line of the six broad occupational groups according to the one-digit classification codes of occupational titles by Germany's Federal Employment Bureau in 1992. The cluster analysis fulfils the robustness check according to Wagschal's F-Test (1999: 272) ; 80% of the calculated F-values do not exceed the value of one, which means that the variance within the clusters is smaller than the total variance.
Explanatory variables: Cluster specificity and total specificity
Knowing the relative frequencies of single skills per occupation and per skill cluster, we are able to quantify the specificity of skill combinations and generate our two explanatory variables. We use an index to measure the degree of specificity of occupations according to the skill-weights approach. Comparing the importance of single skills in an occupation with the relevant skill cluster (see Figure 2 , left panel), we are able to derive the cluster specificity of a particular occupation. As expected, the skill portfolios of occupations in the same skill cluster show very similar frequencies of required skills. Office Clerk 1 2 3 4 5 6 7 8 9 10 11 12 13 1 2 3 4 5 6 7 8 9 10 11 12 13 We therefore rank the skills of each occupation and each skill cluster according to their relative frequencies. For each occupation, we calculate the distances between the ranks of single skills in the occupation portfolio and the respective skill cluster. An example of how these distances look is given in the right panel of Figure 2 . Next, we weight these absolute rank-differences of all single skills with the corresponding relative frequency of the respective skill cluster and sum them. The larger this number is, the more atypical are the skills needed for a particular occupation even within its skill cluster. Thus, a large number indicates that the skill-weights in the occupation are quite different from the skill-weights in its respective labor market segment. Therefore, the resulting variable provides us with a degree of specificity according to the skill-weights approach.
The total specificity is generated in the same manner, but the occupation-specific skill combination is compared to the total labor market of all apprenticeship graduates in our sample; that is, to the average skill combination of all occupations rather than to its respective skill cluster. Geel, Mure and Backes-Gellner (forthcoming) describe the operationalization of the specificity index in greater detail.
Empirical results
Probability of occupational mobility
We now discuss the key results concerning occupational specificity and mobility (Table 3) . In model 1, we analyze occupational mobility in total across the entire labor market and find a negative impact of occupational total specificity as expected according to hypothesis H1. To exemplify, an increase of a training occupation's total specificity of a standard deviation relative to those occupations with average specificity in the whole labor market results in a decrease in the probability of an occupational change of 4.8%. This means the more specific the apprenticeship training occupation as compared to the whole labor market, the lower occupational mobility after graduation (in line with Shaw, 1987; Borghans & Golsteyn, 2007) . In the next step, we are interested in differences in mobility patterns. To test hypothesis H2, we apply our labor market segmentation and only look at occupational changers to compare occupational mobility within and between skill clusters (model 2). In line with our hypothesis, we find that the higher the occupational total specificity, the more likely are occupational changes into occupations with relatively similar skill requirements (i.e. within a skill cluster) than changes into occupations with relatively dissimilar skill requirements (i.e. between skill clusters). An increase in total specificity of a standard deviation results in an increase in the probability of an occupational change within a skill cluster of 18.1% as compared to an occupational change between skill clusters. Therefore, although an occupation is very specific, a graduate is nonetheless able to change occupation after graduation into an occupation with similar skills within a labor market segment. According to hypothesis H3, we finally analyze individual mobility behavior within a skill cluster (model 3). Although occupations grouped in a skill cluster have similar skill requirements, they nonetheless differ in specificity, as we have shown in the operationalization of the specificity degree. As expected, we find that even within a skill cluster, individuals with more cluster-specific occupations are less likely to change their occupations within their labor market segment. An increase in cluster specificity of a standard deviation results in a decrease in the probability of an occupational change within a skill cluster of 5.9%.
11
Income effects of occupational mobility
We now discuss the key results concerning the income effects of occupational specificity and mobility (Table 4) . In model 4, we test our fourth hypothesis and analyze occupational changes between skill clusters. In accordance with hypothesis H4a, we find a negative impact of an occupational change between skill clusters on income. An occupational change between skill clusters is associated with a 5% reduction in hourly wages as compared to the wages of stayers (in line with the finding of Poletaev and Robinson, 2008 , that switching skill portfolios generates wage losses; however, we further expect income gains if occupational changes occur within skill clusters). The coefficient of occupational total specificity is statistically insignificant, but the interaction term between total specificity and an occupational change between skill clusters -that shows the combined effect of specificity and mobility -is statistically significant and negative as expected according to hypothesis H4b. Thus, in the case of an occupational change between skill clusters, the more specific the skill portfolio in an occupation relative to the total labor market, the higher the wage loss that a cluster changer has to bear. Therefore, employees who change their skill clusters suffer a wage loss that increases with the specificity of the skill requirements of the former occupation. As a robustness check, we compute the regressions with occupational clusters to consistently estimate the standard errors and also obtain significant results; in models 1 and 3, the specificity effects were significant at the 10% level, and in model 2 at the 1% level. In the last step, we test our fifth hypothesis that focuses on labor market segments, and we analyze occupational changes within a skill cluster (model 5). As expected according to our hypothesis H5a, occupational changes within skill clusters have a significantly positive effect on income. An occupational change within a skill cluster is associated with a 6.8% increase in income relative to occupational stayers (similar to the realization of better income possibilities through occupational changes shown by Fitzenberger and Spitz (2004) ; however, their analysis neglects underlying skills).
In line with hypothesis H5b, occupational cluster specificity has a negative and significant effect on income, while the coefficient of the interaction term is statistically insignificant. Therefore, an occupational change within a skill cluster is honored with a wage gain. However, the more specific the skill portfolio of the former occupation relative to the respective skill cluster, the smaller this wage gain.
Conclusions
Our analysis of occupational mobility shows that although vocational education and training (VET) is often criticized as too inert and inflexible and too focused on narrow skill requirements, VET does not severely restrict mobility but provides graduates with different types of flexibility. We find clear evidence supporting our theoretical predictions, and thus, occupational specificity can be analyzed according to Lazear's skill-weights approach (2009) : particular skill combinations have implications on mobility and income. Our paper contributes to the literature in analyzing occupational mobility on the skill-level and providing a novel definition of specificity. Therefore, the acquired skill combination -and not the occupation per se -crucially determines the mobility of an employee. Several conclusions can be drawn about the specificity of occupational skill combinations and their implications for occupational mobility and income. First, there is evidence of distinct segments within the labor market (in line with labor market segmentation theory); skill clusters exist that contain occupations with similar skillweights or skill combinations. These skill clusters are important in an analysis of occupational mobility after apprenticeship training.
Second, the required skill combination is a good measure of the flexibility of occupations and determines the degree of specificity of an occupation. The more specific an occupation is, the smaller the probability that employees will change their occupation not only across the total labor market but also within their skill cluster. Nonetheless, even employees in specific occupations can be mobile, as they have a comparatively higher probability of changing occupations within a skill cluster rather than between skill clusters. Therefore, within skill clusters, flexibility is facilitated, whereas between skill clusters, flexibility is constrained. Thus, the mobility of graduates of a particular apprenticeship training occupation can still be high even if the occupation is very small and does not offer many job opportunities as long as there are other occupations within the same skill cluster into which they can change without a substantial loss of human capital.
Third, an occupational change within skill clusters is possible without losing formerly acquired skills and, moreover, is honored with a wage gain. Since the required skill combination is quite similar, the return on the formerly acquired skills is not lost. However, occupational mobility into occupations with very different skill combinations, e.g. occupational mobility between skill clusters, is associated with a wage loss because the returns on formerly acquired skills are partially lost. Not sur-prisingly, the higher the degree of specificity of the former occupation, either the higher the resulting wage loss or the smaller the resulting wage gain depending on whether the change is between or within skill clusters, respectively. However, although occupational changes between skill clusters are associated with a wage loss, empirically, many employees change occupations between clusters. Obviously, occupational mobility is not only motivated by increased pay. We assume that these changes are, for example, related to health, family issues or general changes in one's personal situation.
Our findings lead to several implications for research and educational policy. In a comparison of VET versus academic training, appropriate measures must be used to determine the relative competitiveness of programs. Therefore, previous conclusions must be reviewed. Regarding educational policy, it is important to look not only at a single occupation when thinking about future competitiveness and mobility issues but also at the skill cluster within which a particular occupation is located because the cluster is as important for mobility and earnings as the occupation itself. Therefore, choosing a seemingly outdated and very specific occupation could be a better decision, if it is in a prosperous cluster, than choosing a seemingly general occupation that lies is in a very small and less prosperous cluster.
Moreover, we find that the relevant parameter to evaluate the flexibility of an occupational system and the employability of its graduates is the specificity of the skill combination in comparison to similar occupations within the skill cluster and in comparison to the total labor market. Based on Lazear's skill-weights approach, we argue that the specificity of the skill combination in an occupation is the relevant issue to be analyzed, and these skill combinations can be quite similar, even though a multitude of occupations exist.
